Abstract Relatively little is known about past coldseason temperature variability in high-Alpine regions because of a lack of natural cold-season temperature proxies as well as under-representation of high-altitude sites in meteorological, early-instrumental and documentary data sources. Recent studies have shown that chrysophyte stomatocysts, or simply cysts (sub-fossil algal remains of Chrysophyceae and Synurophyceae), are among the very few natural proxies that can be used to reconstruct cold-season temperatures. This study presents a quantitative, high-resolution (5-year), coldseason (Oct-May) temperature reconstruction based on sub-fossil chrysophyte stomatocysts in the annually laminated (varved) sediments of high-Alpine Lake Silvaplana, SE Switzerland (1,789 m a.s.l.), since AD 1500. We first explore the method used to translate an ecologically meaningful variable based on a biological proxy into a simple climate variable. A transfer function was applied to reconstruct the 'date of spring mixing' from cyst assemblages. Next, statistical regression models were tested to convert the reconstructed 'dates of spring mixing' into cold-season surface air temperatures with associated errors. The strengths and weaknesses of this approach are thoroughly tested. One much-debated, basic assumption for reconstructions ('stationarity'), which states that only the environmental variable of interest has influenced cyst assemblages and the influence of confounding variables is negligible over time, is addressed in detail. Our inferences show that past cold-season airtemperature fluctuations were substantial and larger than those of other temperature reconstructions for Europe and the Alpine region. Interestingly, in this study, recent cold-season temperatures only just exceed those of previous, multi-decadal warm phases since AD 1500. These findings highlight the importance of local studies to assess natural climate variability at high altitudes.
Introduction
Cold-season temperatures in high-elevation areas are relatively poorly reflected in most currently available climate reconstructions and instrumentally measured time series (IPCC 2007) . As a result, knowledge of climatic forcing factors and natural temperature variability in high-Alpine settings during the cold season is limited. In a comparison of central European seasonal temperatures over the past 500 years, Xoplaki et al. (2005) noted a substantial difference in past seasonal temperatures and the occurrence of extremes, with decadal to multi-decadal spring temperature variability nearly double that of autumn temperature variability. Moreover, Beniston (2005) showed that at a Swiss high-Alpine station (Säntis, 2,502 m a.s.l.), positive temperature extremes in the winter season currently exceed those of all other seasons. As highlighted by Diaz et al. (2003) , highmountain environments are very sensitive to climate changes. It is debatable, however, whether the recent rate and amplitude of temperature change at high altitudes during the winter season exceeds changes at low altitudes (Beniston 2005) , or whether they are comparable or even lower than in lowland areas, as suggested by Auer et al. (2007) and Kirchner et al. (2013) .
Currently, little is known about past annual-to decadal-scale temperature fluctuations in high-Alpine regions, because most meteorological data and reconstructions based on documentary data are from lowland areas. For example, in Switzerland, out of twelve currently homogenized meteorological time series that start in AD 1864, only three come from above 1,500 m a.s.l. (Begert et al. 2005) . Auer et al. (2007) reconstructed Alpine temperatures dating back to AD 1750 based on early instrumental records, but the reconstruction of temperatures above 1,500 m was only possible back to AD 1820 because of a lack of high-elevation station data prior to that time (www. zamg.ac.at/histalp/). Pfister (1993) provided monthlyresolved index data for Switzerland since AD 1523, using historical and documentary data. These inferences, however, were also primarily based on data from lowland regions, and although they represent temperature fluctuations at very high precision at the annual time scale, interpretation of decadal to multidecadal trends in such data is debated (Zorita et al. 2010) . In a temperature reconstruction of the greater Alpine area back to AD 1500 (Casty et al. 2005) , only five of 98 time series were derived from above 1,500 m, with AD 1820 the earliest starting date for a high-elevation site. Whereas a great number of highresolution temperature reconstructions based on natural proxies are available for the Alpine region (Trachsel et al. 2012) , these primarily represent summer temperatures. Thus, there is a lack of information on past decadal to multi-decadal fluctuations of coldseason temperatures in the high-Alpine region.
This study presents a high-resolution (5-year), quantitative reconstruction of cold-season (OctMay) temperatures in high-Alpine Lake Silvaplana, situated at 1,789 m a.s.l., in the SE Swiss Alps (Fig. 1) . Lake Silvaplana has annually laminated sediments, allowing for (near-) annual analyses and high chronological precision (Blass et al. 2007a; Trachsel et al. 2010) . The current reconstruction was based on analysis of chrysophyte stomatocysts, or simply 'cysts' (resting stages produced by the goldenbrown algae) that were shown to be reliable indicators of past cold-season temperatures (de Jong and Kamenik 2011; Kamenik and Schmidt 2005; Catalan 2005, 2011) . The transfer function (TF) developed for the Austrian Alps (Kamenik and Schmidt 2005) was adapted for this study and used to reconstruct the 'day of spring mixing' (S mix ), which was the most important environmental variable influencing cyst assemblages in this training set. S mix is a climatically meaningful variable because it is significantly correlated to winter-spring temperatures (de Jong and Kamenik 2011; Kamenik and Schmidt 2005) .
Thus, we first reconstructed S mix based on the TF approach for the entire study period. We then applied 'calibration in time' (CIT, Von Gunten et al. 2012) for the period AD 1880-2003 to convert S mix (unit: Julian Days) into absolute mean October-May temperatures (in°C) (de Jong and Kamenik 2011) . In the present reconstruction, focus is on mean Oct-May temperature variability since AD 1500. This combination of months fulfilled an essential criterion and is ecologically meaningful because chrysophytes are thought to respond to the length of the ice-covered period and/or the timing of ice break-up and subsequent spring mixing (de Jong and Kamenik 2011) . At Lake Silvaplana, freezing temperatures begin in mid-October, and ice-on, as recorded in documentary data (AD 1865 (AD -1943 , occurs in mid-December. Ice break-up takes place on average on 19 May (Livingstone 2009 ). Thus, the actual 'cold season' in this high-altitude lake lasts from the middle of October-May. Second, this was the time period that persistently yielded the highest r values (r = -0.58, p adj \ 0.001) (de Jong and Kamenik 2011) .
The study site and methods were selected to optimize the criteria formulated by Von Gunten et al. (2012) for CIT. A much-debated, very important basic assumption in this approach (as in all proxybased reconstructions) is the notion of stationarity, i.e. the assumption that environmental variables other than S mix (so-called confounding factors; Juggins 2013) have negligible influence on cyst assemblages, or their joint distribution with S mix does not change with time (Juggins 2013; Von Gunten et al. 2012 ). This issue is highly relevant because most training sets, including the one used here, are designed to cover a long environmental gradient, in this case an altitudinal gradient. Because many environmental variables (e.g. pH, temperature, nutrient concentrations, etc.) change with altitude, TF results may be unrealistic with respect to their ability to reconstruct a single environmental variable reliably (Juggins 2013) . The criteria for an optimized reconstruction using TF and CIT apply to this study (Von Gunten et al. 2012 ) and include: (1) a high-quality, long meteorological time series, (2) a good understanding of lake and catchment processes and undisturbed sedimentation, (3) a precise core chronology, (4) continuous analyses at high resolution, and (5) rigorous testing of the calibration and a good understanding of the relation between the proxy and reconstructed environmental variable. In this study, the quality of the calibration model and reconstruction were tested thoroughly. The assumption of stationarity, which underlies the TF and CIT approaches in this study, is discussed. The climatic implications of this local to sub-regional, high-Alpine study are then placed in a broader context.
Study area
Lake Silvaplana is situated at an altitude of 1,791 m a.s.l. in the Engadine Valley, SE Switzerland (Fig. 1) . The Engadine Valley is an inner-Alpine dry valley, characterized by large diurnal and annual temperature ranges, with mean (AD 1961 (AD -1990 monthly maximum temperatures occurring in July (10.5°C) and minimum temperatures in January (-7.3°C). Data come from the Sils Maria meteorological station, 1,789 m a.s.l. The precipitation maximum (121 mm) occurs in August, whereas minimum precipitation is measured in February (42 mm) (http:// www.meteoswiss.admin.ch). Cloud cover at Sils Maria is lowest between October and March, comparable to data from other nearby high-altitude stations (Auer et al. 2007; Beniston et al. 1997) . Lake Silvaplana is a large (2.7 km 2 ), deep (77 m) lake of glacio-tectonic origin, with a total volume of 127 9 10 6 m 3 . It is surrounded by mountain peaks reaching 4,000 m a.s.l., with a catchment of 129 km 2 , including *6 km 2 of glaciated terrain (5 % of the catchment area in AD 1998) (Blass et al. 2007b) . Sediments from Lake Silvaplana are strongly minerogenic (organic carbon \3 %) and are predominantly composed of silt-size particles. Sediments show annual laminations (varves) from ca. 3,300 years ago to present. Varve formation, however, was interrupted briefly from AD 1955 to 1977, likely as a consequence of strong lake eutrophication (Blass et al. 2007a ).
Materials and methods

Sediments and core chronology
Cores were collected from the deepest part of the eastern basin, in 77 m of water, using a freeze corer. They extend back to AD 1607 and were complemented by additional piston cores collected in winter 2005/2006 . A detailed description of the core sedimentology is provided in Blass et al. (2007b) . Annual layers were scraped off the frozen sediment, layer-bylayer, and freeze-dried (Blass et al. 2007b ). For cyst analysis, sample treatment followed de Jong and . Stomatocyst analysis was carried out using a Zeiss EVO 40 scanning electron microscope. Total cyst and diatom fluxes were reconstructed from a separate set of 0.5-cm-thick subsamples of the same cores, following Bigler et al. (2007) . Diatom analysis, cyst:diatom (C:D) ratios and total cyst flux analyses were carried out using a light microscope. To calculate cyst concentrations (cysts cm -3 or g -1 dry sediment) and accumulation rates (cysts cm -2 year -1 ), a known quantity of microspheres was added to the samples, following standard diatom-processing methods (Battarbee and Kneen 1982; Battarbee 1986; Renberg 1990) . The updated core chronology ) was based on varve counting, corroborated by the AD 1963 and 1986 137 Cs peaks. In addition, turbidite layers were assigned to known historical flood events . The resulting age uncertainty was\4 years for the period since AD 1870 Trachsel et al. 2010) and was estimated to be 5-10 years between AD 1500 and 1870.
Reconstruction of 'cold-season' temperatures Chrysophyte stomatocysts were classified following Baumann et al. (2010) , Kamenik et al. (2010) and de Jong and . Prior to statistical analyses, unornamented cyst types without a collar were combined into only two groups for each size range (small, medium or large); all types with a regular, concave or conical pore, and types with a planar pseudoannulus. This was necessary because of the variable preservation of cysts, which meant these types could not be distinguished with certainty throughout the core.
The number of counted specimens per annual sample was [200 for the period AD 1940 , [70 for AD 1870 -1940 , and [50 for the reconstruction back to AD 1500. To ensure a sufficient total cyst count per sample and reduce the influence of dating errors in the comparison to meteorological data (Koinig et al. 2002) , 5-year running sums were calculated prior to further analysis (de Jong and Kamenik 2011 ). This yielded a final total cyst count per 5-year midpoint of 700 specimens (average, range 350-1,100 specimens) for the calibration period, and 225 specimens (average, range 100-400) for the reconstruction period. Thus, cyst-based S mix and T Oct-May were calculated based on an average specimen count of [225.
Cyst assemblages, including cyst types that exceeded C2.5 % and occurred in[6 midpoints, were used to infer dates of spring mixing by applying the TF developed by Kamenik and Schmidt (2005) . Lake Silvaplana is in the same altitudinal, and hence temperature range, as the lakes in that training set. Lake Silvaplana, however, is rather large and deep in comparison, and because of strong lake eutrophication after AD 1952, there are clear differences in water chemistry. Following de Jong and Kamenik (2011), large ([8.8 lm) , unornamented cysts and cyst ST151 were excluded from the reconstruction because they were shown to be influenced primarily by nutrient input. Finally, thirteen cyst types were used for the reconstruction of S mix . de Jong and showed that at Lake Silvaplana, dates of spring mixing (S mix ) were most strongly correlated to mean October to May air temperatures (T Oct-May ).
To ensure consistency between the calibration period (post-AD 1864) and the reconstruction period, despite the different number of specimens counted, all calculations for model performance during the calibration period were developed for the entire dataset as well as for a subsampled dataset during the calibration period (Table 1) . Thus, from each annual sample during the calibration period, a random subset of 50 specimens was selected. This was repeated 999 times and subsequently, 5-year midpoints were re-calculated, yielding a specimen count of 250. To convert cyst-inferred dates of spring mixing to mean October to May air temperatures, two approaches were tested: (1) inverse regression based on Ordinary Least Squares (OLS) and (2) inverse prediction based on Generalized Least Squares (GLS) (Fox and Weisberg 2010; Venables and Ripley 2002) .
Inverse regression is the standard approach when calibrating in time . It assumes that T Oct-May depends on S mix , that only T Oct-May (but not S mix ) is associated with errors, and that these errors are uncorrelated. Clearly, these assumptions are not met, as the cyst-based S mix transfer function has a Root Mean Square Error of Prediction (RMSEP) of 7.1 days, and a preliminary Durbin-Watson test revealed that regression residuals were not independent from each other. The GLS approach, in contrast, takes into account that residuals are correlated. Furthermore, inverse prediction assumes that S mix depends on T Oct-May , and that S mix (and not T Oct-May ) is associated with errors. Preliminary autocorrelation and partial autocorrelation functions suggested a moving average (MA) correlation structure of up to order five. For a formal assessment of the order of the underlying MA process, a bias-corrected form of Akaike's information criterion (AIC, Brockwell and Davis 2003) was used. The individual GLS models with MA orders 0-5 (parameter estimation by maximum likelihood) were checked for invertibility, and the (expected) randomness of residuals was checked by the Ljung-Box and McLeod-Li portmanteau tests, the turning point test, the difference-sign test, by fitting an autoregressive model and by checking for normality (Brockwell and Davis 2003) . Different GLS models were compared by Analysis of Variance (Fox and Weisberg 2010) .
Errors of the different regression approaches were assessed by h-block cross-validation (block size: 4 years), which takes into account serial autocorrelation (Burman et al. 1994 ).
Ordination of cyst assemblages
An ordination was carried out on the entire cyst assemblage dataset, including all 31 cyst types shown in Fig. 2 . The first ordination axis represents the maximum variance in the dataset, which is assumed to represent the most important environmental driver, or a complex interaction of a number of variables that influence the cyst assemblages. Because the TF approach in this study is based on the assumption that S mix is the single environmental parameter driving cyst assemblages, these two curves should look very similar. If this is not the case, then the assumption of stationarity does not hold, and confounding factors (Juggins 2013 ) may have been, at least temporarily, more important than the variable of interest. The cyst assemblage data were square-root-transformed prior to analysis to reduce the influence of dominant cyst types. To obtain the gradient length of the dataset, a Detrended Correspondance Analysis (DCA) was done, resulting in a gradient length of 1.96 standard deviations. Therefore, Principal Component Analysis (PCA) was carried out because it assumes a linear response of species to the environmental variable of interest. The number of significant PCA axes was tested by comparison to the broken stick model (Jackson 1993) .
Calculations were carried out in R (R Development Core Team 2011) with the add-on packages AICcmodavg (Mazerolle 2011) , ANALOGUE (Simpson and Oksanen 2009), CAR (Fox and Weisberg 2010) , NLME (Pinheiro et al. 2011) , RIOJA (Juggins 2009 ) and VEGAN (Oksanen et al. 2011) . Results of timeseries analysis were also calculated with the computer program ITSM2000 (Brockwell and Davis 2003) . Figure 2 shows the 31 most common cyst types that occur in the sediments of Lake Silvaplana since AD 1500. Images of these types can be found on the internet (Kamenik 2010; www.stomatocysts.unibe. ch) . Cysts included in the training set and used for the calculation of S mix are indicated in bold. Although the assemblage is dominated by ST157, most likely produced by Dinobryon sp., and unornamented cyst types without a collar (medium), the figure shows that other types used for the reconstruction of S mix also occurred regularly and at varying frequencies. After AD 1950, a large number of new cyst types occurred at increased frequencies. As discussed in de Jong and , this was related to a marked increase in nutrient loading to the lake, leading to eutrophication. The total abundance of cyst types included in the reconstruction prior to the calibration period was very high (75-92 %). After AD 1950, the abundance of cyst types included in the reconstruction varied from 42 to 70 %.
Results
Cyst stratigraphy and reconstructed S mix
Reconstructed S mix since AD 1500 is shown in Fig. 3e . S mix varied substantially between 144 and 168 Julian days, which corresponds to dates between 22 May and 16 June. The reconstruction shows that the amplitude of S mix variability (5-year averages) was high throughout the entire period, and that the range of S mix values during the calibration period was as large as the range reconstructed during the preceding period. Bootstrapped sample-specific errors of S mix were highest during the calibration period (range 9.3-14.3 Julian days), when S mix occurred early. Amplitudes of S mix thus exceeded the bootstrapped sample-specific standard errors of prediction (SEP), showing that reconstructed variability was larger than the reconstruction error, but not larger than the corresponding 95 % confidence interval (1.96 * SEP). The second column provides model coefficients as well as the MA parameters, describing the autoregressive time series model for the residuals in GLS models (Brockwell and Davis 2003 During three intervals, very few or no cysts could be found (AD 1596-1652, AD 1698-1730, and AD 1795-1873; grey shaded bands in Fig. 3 ). During these intervals the minerogenic content of the varves was so high that it was impossible to detect sufficient cysts. Figure 3d shows that these periods were characterized by very low reconstructed cyst fluxes and coincided with high mass accumulation rates in Lake Silvaplana (Fig. 3a) , large glaciers in the Alpine region (Fig. 3b) , and increased cyst:diatom ratios (Fig. 3c) .
Cold-season temperature reconstruction and associated errors Table 1 summarizes the regression models that were tested for converting cyst-based S mix reconstructions into 'cold-season' (mean October-May) temperatures. Autocorrelation functions suggested uncorrelated residuals at lags [3 for both inverse regression and inverse prediction; errors are reported from h-block cross-validation, omitting 4 years on both sides of each individual validation. Inverse OLS regression resulted in the lowest errors (0.4°C). Because none of the tested models was able to fully meet all theoretical assumptions required for unbiased parameter estimation (Table 1) , we used the most parsimonious model that met most theoretical statistical assumptions and resulted in a low RMSEP (inverse OLS regression). Because this model reduced temperature variations (Table 1 ; IQR recon :IQR measured = 0.9), reconstructed T Oct-May was re-scaled to equal the variance of measured T Oct-May temperatures during the calibration period. The re-scaled error of this reconstruction (root of the re-scaled mean square error of prediction as assessed by h-block cross-validation) was 0.5°C. This error is, in the strict sense, only valid for the calibration period, but in the CIT approach this is the error commonly used for the entire reconstruction.
Reconstructed cold-season temperatures (5-year averages, Fig. 4c ) varied substantially since AD 1500, ranging between -0.7 and -3.6°C. S T 1 4 6 * S T 1 7 4 S T 1 6 8 S T 1 0 5 * S T 1 6 4 * S T 1 1 4 * S T 1 8 3 S T 1 3 4 * S T 1 8 8 S T 1 7 3 S T 1 2 4 * S T 1 7 1 S T 1 4 2 r e g u la r p o r e , s m a ll * S T 1 9 1 p la n a r p s e u d o a n n . s m a ll S T 1 5 1 re g u la r p o re , la rg e p la n a r p s e u d o a n n . la rg e S T 1 5 6 M a ll o m o n a s S T 8 9 A T o ta l % in re c o n s tr u c ti o n 0 year AD p la n a r p s e u d o a n n u lu s m e d iu m Fig. 2 Stomatocyst stratigraphy, showing percentages of the 31 most common cyst types in the sediments of Lake Silvaplana. Bold, marked types were included in the training set and used for the reconstruction of S mix . As a simple indicator for the reliability of the reconstruction, the total % of stomatocyst types that were included in the reconstruction is shown to the right J Paleolimnol (2013) 50:519-533 525
Ordination of cyst assemblage data PCA carried out on the full reconstruction period (AD 1500-2003) yielded a single significant PCA axis that only showed a change around AD 1950. Because the eutrophication change at that time is well known and was not of primary interest to this study, the ordination was repeated for the period AD 1500-1950. For this time frame, comparison to the broken stick model suggested that only the first two PCA axes were significant. The first axis (PCA1) explained 21 % of the variance in the square-root-transformed cystassemblage dataset (PCA2 explained 13 %). Figure 5 shows that the pattern of PCA1 is highly comparable Fig. 3 a Mass accumulation rates of sediments in Lake Silvaplana (same material as used in this study) , b Lower Grindelwald and Mer de Glace glacier length reconstruction (Nussbaumer et al. 2011; Zumbühl et al. 1983 ), c cyst:diatom ratio, d total cyst flux to the sediments of Lake Silvaplana, e cyst-based reconstructed S mix (this study). Diamonds show actual midpoints based on five consecutive annual samples, the line shows the linear interpolation between these midpoints to reconstructed S mix . Because both PCA1 and S mix were based on (part of) the same basic dataset, they are not independent and therefore correlation coefficients and p-values could not be calculated meaningfully.
Discussion
Quality of the reconstruction; basic assumptions
The Silvaplana study area was selected because it optimizes the requirements for quantitative reconstruction of environmental variables. Homogenized, monthlyresolved meteorological data were available from a station near the lake back to AD 1864 (Begert et al. 2005) . The presence of annual sediment layers indicates that deposits were undisturbed and the chronology was highly accurate. Continuous analyses were carried out at high resolution whenever possible. The calibration models were tested in detail, as discussed below, but first we address the basic assumption of stationarity.
The most important basic assumption in this proxybased reconstruction is that the statistical relationships between cyst assemblages, S mix and Oct-May temperatures for the calibration period prevailed back to AD 1500. To test whether this was the case, one has to assess (1) whether major environmental changes, other than cold-season temperature changes, influenced the study area, as these have the potential to alter the proxy-environmental variable relation, and (2) assess whether these changes influenced the proxy record to such an extent that the reconstructed climate variable was no longer faithfully recorded in the proxy record. A multi-proxy approach was required to address these issues. A suite of biological, geochemical and sedimentological properties was reported for Lake Silvaplana in previous studies: varve thickness and mass accumulation rates (Blass et al. 2007b; Trachsel et al. 2010) , total biogenic silica fluxes (Blass et al. 2007a; Trachsel et al. 2010) , mineral composition (Trachsel et al. 2008) , diatom composition (Bigler et al. 2007 ; Westover, unpublished data) and chironomid assemblages (Larocque et al. 2012 ). These records show that for the past 500 years, the single most important environmental change was the strong eutrophication after AD 1950. Cyst assemblages also changed substantially after that time (Fig. 2) . Thus, the calibration period includes the time period with the strongest environmental disturbance since AD 1500, the lowest analogy to cysts in the training set, and includes samples that have among the highest samplespecific errors (SEP). Despite this weak analogy, reconstructed S mix was significantly correlated to coldseason temperatures throughout the calibration period.
A different approach to see whether environmental changes other than the variable of interest ('confounding variables'; Juggins 2013) influenced cyst assemblages was to compare S mix to the first ordination axis of the full cyst dataset. Because ordination summarizes the maximum variance in the dataset, which is commonly interpreted as reflecting the most important 'external driver or combination of drivers' of changes in large datasets, and the transfer function approach assumes that a given proxy responds to a single, most important environmental variable, in theory reconstructions of S mix and PCA1 should look similar. Figure 5 shows that for the period AD 1500-1950, this was indeed the case. This suggests either that only a single environmental variable primarily controlled cyst assemblages (T Oct-May through S mix ) or that the correlation between S mix and confounding variables remained stable through time.
In summary, the similar patterns of the first ordination axis and the T Oct-May curves point to a continuous environmental driver (or set of drivers) controlling cyst assemblages from AD 1500-1950. Results during the full calibration period (de Jong and Kamenik 2010) indicate that the strongest environmental 'disturbance,' the eutrophication phase, did not significantly affect the cyst-S mix -T Oct-May relationships. Apparently, however, different sub-sets of chrysophyte stomatocyst types can respond simultaneously to two different environmental drivers, in this case T Oct-May and eutrophication. This highlights the importance of a multi-proxy approach and detailed comparison of cyst types to other potential environmental drivers, as was done in Kamenik et al. (2010) for chrysophyte stomatocysts in Lake Silvaplana. This allowed us to remove cyst types that are sensitive to eutrophication prior to further analyses.
Error assessment Table 1 illustrates that the RMSEP for T Oct-May depends heavily on the statistical model used to convert S mix into T Oct-May . Models that disregard any dependence among residuals (OLS) resulted in similar RMSEP no matter 5 a First PCA axis of the chrysophyte stomatocyst dataset, which was based on the square-root-transformed frequencies of 31 cyst types. The first PCA axis explains 21 % of the total variance in the dataset. b Reconstructed Oct-May mean temperatures from AD 1500 to 1950, based on the combined TF and CIT approach. Thirteen cyst types were used for this reconstruction. The inset shows the scatterplot of cold-season temperatures versus PCA1; because both reconstructions derive from the same dataset, however, correlation coefficients and significance levels cannot be assessed meaningfully whether the RMSEP was estimated by k-fold crossvalidation (de Jong and Kamenik 2011) or h-block cross-validation (this study). In contrast, models that take into account residual autocorrelation (GLS) resulted in an RMSEP that was up to five times higher, part of which can be attributed to large uncertainties in the MA parameter estimates. Because the RMSEP is usually used as a criterion for model selection, it is difficult to assess which is the most adequate regression model outside the calibration period. According to its AIC, GLS was the most appropriate model. Tests on residuals, however, illustrated that GLS modeled the residual structure comparable to the more parsimonious OLS inverse regression model, which was therefore selected.
The conventional error of the TF-derived reconstruction (bootstrapped, sample-specific errors) of spring mixing dates was 9.3-14.3 days, with the largest errors occurring during the last four decades of the reconstruction. However, because the calibration period covers the full range of reconstructed S mix (Fig. 3e) , ensuring that no linear extrapolation was required for the reconstruction period, and the calibration period includes the decades with the weakest analogy to the training set, the RMSEP derived from OLS regression (0.5°C) was considered to be a reliable error estimate for the full reconstruction period.
Error components that propagate into the final T Oct-May reconstruction are related to dating uncertainties, counting errors in both the training set and the sediment record, shifts of individual S mix values over time introduced by summing up cyst counts over 5 years (running sums are time-variant), the statistical models used and the corresponding parameter estimation. The lower number of cysts counted during the reconstruction period had no adverse effect on the RMSEP, as illustrated by Table 1 . Thus, the strategy of first analyzing low numbers of specimens from consecutive samples at quasi-annual resolution, followed by statistical amalgamation (preferably by time-invariant methods such as weighted sums) is recommended for highresolution studies of biological assemblages in annually laminated sediments that might cover millennia.
Temperature variability since AD 1500
The cyst record from Lake Silvaplana was interrupted during three time periods (Fig. 3) . These three periods coincide with three maxima in mass accumulation rates recorded in the lake (Nussbaumer et al. 2011; Trachsel et al. 2010) and were characterized by low annual fluxes of diatom frustules and cysts and a strong decrease in the cyst:diatom ratio (Fig. 3c, d ). These periods also coincided with advanced frontal positions of the Lower Grindelwald and Mer de Glace glaciers (Nussbaumer et al. 2007 (Nussbaumer et al. , 2011 Zumbühl et al. 1983) . The high minerogenic influx into the lake was therefore most likely caused by advances of local glaciers, comparable in timing to the glacier advances shown in Fig. 3b . The low biological productivity and increase of the C:D ratio may point to overall cooler temperatures (Smol 1985) . It is therefore likely that these 'gaps' represent the occurrence of cold conditions. Comparison to other 'cold-season' records shows that the two most recent gaps (AD 1698 -1730 , AD 1791 -1872 partly coincide with cool events in these records, from AD 1830-1860 for the most recent cold phase (Pfister 1993; Casty et al. 2005) (Fig. 4b) . The period from AD 1698-1730 coincides with the coolest phase of the well-known Maunder Minimum. In addition, cool periods were reconstructed around AD 1500-1520, 1567-68, 1614, 1663, 1675, 1690 and 1886 (Fig. 4c) , keeping in mind a dating uncertainty of 5-10 years prior to AD 1870.
Ideally, any reconstruction should be compared to other local/regional-scale records that represent the same season. A comparison to other 'cold-season' reconstructions is shown in Fig. 4 . This comparison, however, is severely hampered by large differences between the few available cold-season records. Back to AD 1525, seasonally-to monthly-resolved temperature reconstructions based on documentary and historical data are available for Switzerland, a 'winter index' (Pfister 1993, not shown) . The 'greater Alpine' (Fig. 4b ) temperature reconstruction (Casty et al. 2005) , including the Alpine regions of south-western France, Austria, southern Germany and northern Italy, was based on 87 early instrumental time series from all of Europe, combined with 11 documentary records. In that dataset, five sites were situated above 1,500 m. The 'European' reconstruction of cold-season temperature by Luterbacher et al. (2004) was based on a combination of (early) instrumental time series, documentary data, and a number of tree-ring and ice-core records. The records in Fig. 4 have some features in common: cool phases around AD 1510-1520, 1570-1580, shortly before AD 1700 and around AD 1880. Another important common feature is the sharp J Paleolimnol (2013) 50:519-533 529 warming recorded during recent decades. As expected, differences between the reconstructions are substantial. Primarily, the variability in 'European' reconstruction is much smaller prior to AD 1900, which can be attributed to the large spatial scale of the reconstruction. The applied methodology may also dampen the amplitude of the 'European' and 'Greater Alpine' reconstructions, because these were based on multivariate principal component regression, which, according to Riedwyl et al. (2009) can reduce the amplitude. Similarly, decadal to multi-decadal variability is likely only poorly preserved in reconstructions based on documentary data, as discussed by Zorita et al. (2010) . In addition, these records primarily derive from low-altitude data. There may be substantial differences between temperature patterns (trends and variability) between low-and high-altitude sites (Diaz et al. 2003 and references therein; Beniston 2005; Beniston et al. 1997) . Several authors (Beniston et al. 1997; Kirchner et al. 2013) point to the frequent occurrence of a winter inversion layer in valley floors and lowland regions, as illustrated in Fig. 1c by the comparison of sunlight hours at high and low altitudes, which leads to a decoupling of low-altitude sites that are situated under a layer of 'high fog,' from the 'free atmosphere conditions' at higher altitudes. In contrast, Auer et al. (2007) found that centennial and decadal temperature trends since AD 1820, in summer as well as winter, were comparable between high-and lowelevation sites. Clearly, additional highly resolved, high-altitude reconstructions of temperature variability are required to address the long-term trends of winter (or cold-season) temperatures in the highAlpine region.
High decadal to multi-decadal temperature variability in the high-Alpine region The current record from Lake Silvaplana should, for the previously mentioned reasons, be regarded as a local to sub-regional (high-Alpine) record. In the coldseason temperature reconstruction presented here, the amplitude varied substantially throughout the past 500 years. The recent cold-season temperature increase recorded in Lake Silvaplana, however, only just exceeded that of previous warm periods, for example around AD 1585 and AD 1750-1760. The reconstructed range of change amounts to ca. 24 days (S mix ) for the full reconstruction. Support for the reconstructed range of variability can be found in the actual ice break-up dates for Lake Silvaplana, which were recorded between AD 1865 and 1943 (Livingstone 1997) . During this short time period, 5-year averages of ice break-up dates displayed a range of 12 days, which is very close to the reconstructed range of S mix during the same time period (14 days) for the same lake.
High past decadal to multi-decadal variability, comparable to warming during recent decennia, was also detected until AD 1950 in a high-Alpine (2,347 m a.s.l.) speleothem record from the Austrian Alps (Mangini et al. 2005) . Similarly, high multi-decadal variability was recorded in a summer-temperature reconstruction by Larocque-Tobler et al. (2010) based on chironomid remains in Lake Silvaplana, as well as in the non-disturbed sequence of a pollen-based summer-temperature record from the Mauntschas peat bog (1,818 m a.s.l.) in the vicinity of Lake Silvaplana (Van der Knaap et al. 2011) . The d
18 O ice-core record from Colle Gnifetti (4,450 m a.s.l.), known to be a climate proxy, also shows strong decadal and multidecadal variability over the past 500 years (Sigl 2009 ). The finding of high-amplitude variability, comparable to recent warming in local studies in high-Alpine settings, is highly relevant in the current climate debate. It shows that although an overall warming trend over large parts of the Northern Hemisphere is, in the research community, practically undisputed (IPCC 2007), local-scale, high-Alpine temperature variability over the past 500 years was much higher than the NH or European-scale means, and is therefore highly unpredictable.
Conclusions
This study illustrates the strength of combining the transfer-function approach with a detailed comparison to meteorological data to construct cold-season temperatures back in time, based on chrysophyte-stomatocyst assemblages. The study was designed to optimize the quantitative reconstruction. Cysts included in the TF were screened against other environmental variables to determine whether they should be included for the reconstruction. Application of the TF provided a reconstruction of a climatesensitive variable, the date of spring mixing expressed in Julian Days and associated (conventional) error estimates. Subsequent correlation and linear model building with independent, high-quality meteorological data yielded a reconstruction in degrees Celsius for a clearly defined part of the year, which, because it is a climate variable, is of much greater interest than the TF-derived 'date of spring mixing.' Moreover, it allowed for an alternative error assessment for the calibration period. Both TF and calibration in time, however, depend on the assumption of stationarity, thus the cyst-S mix -T Oct-May relations were assumed to be stable over time. A multi-proxy approach, as well as comparison to the first ordination axis of the cyst data, indicated that stationarity can likely be assumed for this reconstruction. The analyses, however, also indicated that subsets of chrysophyte stomatocysts reflected different environmental drivers simultaneously, post-AD 1950. This stresses the importance of a multi-proxy approach and careful testing of sensitivities of individual cyst types to environmental drivers other than the variable of interest.
The direct comparison of S mix during the calibration period with measured mean monthly temperatures showed that at Lake Silvaplana, cysts can be used as a reliable proxy for past cold-season temperatures.
Comparison of S mix to the recorded amplitude of ice break-up dates (AD 1865 (AD -1943 on the same lake also confirmed that the reconstructed range of S mix is a good approximation of the directly recorded range of ice break-up and associated spring mixing dates. The statistical relation between reconstructed S mix and measured cold-season temperatures was further explored to optimize the model choice and allow for error estimation. The inverse prediction model, based on OLS, was considered most suitable because it is the most parsimonious model and yielded a low RMSEP of 0.5°C (re-scaled). The statistical analyses also showed that the strategy of first analyzing low numbers of specimens from consecutive samples at quasi-annual resolution, followed by statistical amalgamation (5-year sums), did not result in increased RMSEPs. This approach can thus be recommended for high-resolution climate reconstructions based on biological proxies in annually laminated sediments, for which low numbers of specimens per sample are often strongly limiting for long-term reconstructions.
The cold-season temperature reconstruction from Lake Silvaplana shows that the range of decadal to multi-decadal cold-season temperature variability during the past 500 years was at least as large (nearly 4°C for 5-year averages) as temperature variability measured during the last century, until 2003. This is in agreement with long temperature reconstructions from other high-Alpine sites, which show comparable past multi-decadal temperature variability for other seasons. The clear differences between past temperature amplitudes recorded in the continental-scale 'European' reconstruction and the local to sub-regional Silvaplana reconstruction show that small-scale temperature variability in high-Alpine settings may strongly exceed large-scale patterns. It is, however, the variability at smaller scales that is most critical for impacts of climate variability and changes. More quantitative temperature reconstructions from highAlpine settings are therefore required to fully understand past climate variability and climate processes over a range of spatial scales at high altitudes.
